Wind resource modell ing was performed using WRF mesoscale and WAsP mic roscale models. Three different methodol ogies were proposed and tested. The most refined approach showed significant better results when compared to the other ones. The obtained results are very encouraging, being very close to the measure d wind resource. The most refined technique can be seen as an alternative to measured data for preliminary wind resource assessment. 
a b s t r a c t
Wind resource evaluation in two sites located in Portugal was performed using the mesoscale modelling system Weather Research and Forecasting (WRF) and the wind resource analysis tool commonly used within the wind powe r industry, the Wind Atlas Analysis and Application Program (WAsP) microscale model. Wind measurement campaigns were conducted in the selected sites, allowing for a comparison between in situ measurements and simulated wind, in terms of flow characteristics and energy yi elds estimates.
Three different methodol ogies were tested, aiming to provide an overview of the benefits and limitations of these methodol ogies for wind resource estimation. In the first methodology the mesoscale model acts like ''virtual'' wind measuring stations, where wind data was computed by WRF for both sites and inserted directly as input in WAsP. In the second app roach, the same procedure was followed but here the terrain influences induced by the mesoscale model low resolution terrain data were removed from the simulated wind data. In the third methodology, the simulated wind data is extracted at the top of the planetary boundary layer height for both sites, aiming to assess if the use of geostrophic winds (which, by definition, are not influenced by the local terrain) can bring any improvement in the models performance.
The obtained results for the abov ementioned methodologies were comp ared with those resulting from in situ measure ments, in terms of mean wind speed, Weibull probability density function parameters and production estimates, considering the installation of one wind turbine in each site. Results showed that the second tested approach is the one that produces values closest to the measured ones, and fairly acceptable deviations were found using this coupling technique in terms of estimated annual production. However, mesoscale output should not be used directly in wind farm sitting projects, mainly due to the mesoscale model terrain data poor resolution. Instead, the use of mesoscale output in microscale models should be seen as a valid alternative to in situ data mainly for preliminary wind resource assessments, although the application of mesoscale and microscale coupling in areas with complex topography should be done with extreme caution.
Ó 2013 Elsevier Ltd. All rights reserved.
Introductio n
Energy is presently considered one of the most valuable commodities in the economical progress and wealth generation of a country, being one of the main driving forces of industria l developmen t. Considering the escalating costs of the traditional fossil energy sources, supported by the growing global demand for energy production, an intensive search for alternativ e sources of energy (preferably renewable ones) has been pursued in the recent past. Among the several available renewable energy sources, wind-derive d energy is the one that has witnessed greatest growth in the recent years. Presently, Portugal is one of the world leading countries in terms of installed wind power and this growth is still in progress. In 2011, Portugal was ranked in 10th place worldwid e and 5th place among European countries in terms of total wind energy installed capacity [1] . In 2010, Portugal was able to achieve an 18% quota of wind-derived energy in the total annual energy consumption, outranked worldwid e only by Denmark [2] . The current and future expansion of the wind energy markets, combined with the explosive growth of worldwid e installed wind power over the last decade and the progressive liberalization of electricity markets, poses several and new challenges to the wind power industry, namely in determini ng the most appropriate sites for wind energy exploration [3] .
Although the use of this renewable energy source has been rapidly increasing worldwid e, the lack of reliable and accurate wind measured data in several areas of the globe is still hampering the developmen t of new wind energy projects, and this fact is particularly serious in developing countries [4, 5] . Currently, the state of the art in wind resource assessment is based on classical methods that use measured data recorded locally [6] , and subsequent ly inserted as input in microscale models to assess the local wind resource. These methods are still the most reliable for an efficient and realistic planning of potential wind farm sites, meaning higher certainty in the expected available wind resource and lower associated investme nt risks, which are key prerequisite s for the successful development of wind energy projects [7] . However, measureme nt campaigns have some constraints, namely their high costs, data quality/a vailability and the need to perform measurements for a representat ive period, typically with a minimum duration of 1 year. Also, measureme nt campaigns may reveal that the site has little wind energy potential , which will lead to the irreversible loss of a considerable amount of investment. Moreove r, the increasing evolution of the wind energy industry is bringing the need to obtain a preliminar y knowledge of the available wind resource at sites with few (or not at all) of local measureme nts. In these sites, this preliminary knowledge of the local wind regimes is of the utmost importance , at least in a preliminary stage in order to help in the wind resource assessme nt process.
Considering these disadvantag es of the wind measureme nt campaigns together with the abovementi oned growing needs of the wind power industry, the potential benefits of an alternative way to obtain reliable wind data for a spatial mapping and temporal distribution of the wind resource are obvious [8] . Numerical weather predictio n (NWP) mesoscale models, which consist of atmospheric models that consider physical phenomena such as frictional, thermal and convective effects, are a very powerful and useful tool to simulate meteorological variables [9] . These mesoscale models can provide ''virtual'' wind data sets that can be used as input in microscal e models, instead of using measured wind data. In the recent past, mesoscale simulations have been used in a considerable number of applications within the wind power area: building wind resource maps in spatially large areas (useful in large scale electrical grid planning and preliminary assessment of potential wind energy exploration sites); computin g local long term climatologies to allow the assessment of the wind variability and the representat iveness of measurement campaigns (typical for the majority of wind farm projects, in order to estimate the expected annual energy production); and in the growing field of wind power production short term forecasting (due to the need to plan electrical grid balance). However , as with any numerical simulatio n, the limitations of this approach should be carefully considered on a case-by-case analysis. The use of mesoscale models as source of wind data offers, on one hand, advantages like: low operation al costs (most of the mesoscale models are freely available for download and the costs involved in their use are residual); higher sampling resolution (both horizontal and vertical, allowing the computation of virtual wind data sets for several sites at different heights) when compared to wind measuring stations; and they offer data sets with 100% of availability. On the other hand, there are disadvantages due to the uncertainty associated to wind data derived from these types of models: mesoscale models do not represent the real state of the atmosphere (like real observed measuremen ts do) because atmospheric simulation models are, by definition, an approximat ion of the real atmosphere ; the representation in mesoscale models of the terrain characterist ics and physical processes that occur in the atmosphere are simplified.
Neverthel ess, the use of mesoscale models as source of wind data for wind resource mapping and/or assessment, either for direct use in microscale models or for studies that do not require a microscal e level of detail (wind resource mapping for large areas, for example), has been performed in the recent past with interesting and promising results: [10] performed a wind resource mapping for Norway using the WRF and WAsP models, with results that showed deviations in wind speed between À3% and 25% (depending on the local terrain complexity); [11] built a wind atlas for Egypt using the Karlsruhe Atmospheri c Mesoscal e Model (KAMM) mesoscale model, with deviations in the simulated wind speed between 5% and 10%, the latter for areas with high local terrain complexity; [12] computed a wind atlas for Spain with the Skiron mesoscale model, and the results showed a wind speed annual bias of 1.87 m s À1 over simple terrain and annual bias of 2.5 m s À1 over complex terrain; for the Portuguese territory, [13] assessed the wind resource with the WRF model for two distinct sites (one located in a coastal area with low terrain complexi ty and the other one situated in a mountainous area with high terrain complexi ty), showing that the WRF model can reproduce the average wind speed with deviations below 5%; also, [14] conducted a wind energy potential study for the Madeira island with two mesoscale models (MM5 and NH3D), showing that mesoscale models can successfully be applied to the wind resource mapping and enhancin g the contribution that these models can offer in the wind resource prediction. Other interesting applications of mesoscale models were found, such as to correct measureme nts by means of long-term climatology [15] and for short-term wind power forecast [16] .
To determine if accurate mesoscale model-based wind power resource assessments can be accomplis hed, three different methods to couple the mesoscale modellin g system WRF with the microscal e model WAsP were compare d. These methods were tested for an area with high terrain complexity located in Portugal, well known for its wind energy resource where several wind farms are currently in operation and being one of the most important Portugue se areas in terms of installed wind generating power. The use of these methods in wind resource and production estimates will be compared to the traditional methods that rely on measure d wind data.
Methodology

Wind measuremen t data sets
Data from two wind measuring stations was used in this work. These wind measuring stations collected wind speed and direction measure ments at 60 m above ground level (a.g.l.), with a sampling time resolution of 10 min. The measureme nts collected at these stations during the year of 2008 were selected. This period was considered due to its data availability and quality. The stations are designated as stations A and B, and are located within the area of the WRF simulatio n domain, in a central area of the Portuguese mainland. However , the stations and the respective data belong to private compani es and their exact locations cannot be disclosed due to data usage restrictions. Nevertheles s, it is possible to show in Fig. 1a their relative positions together with the local topography .
The complexi ty of the terrain around a site can be objectively measured through the ruggedness index or RIX, defined as the percentage fraction of the terrain within a certain distance from a specific site which is steeper than some critical slope, typically considered around 0.3. A detailed description of the RIX index can be found on [17] , where basically the RIX is calculated for each of a number of radii originating at the site (wind measuring station or wind turbine). A flat site will then have a RIX of 0% and an extreme complex (steep) site a RIX index of about 30%, meaning that about one third of the terrain is steeper than the considered critical slope of 0.3. This index can, therefore, be used as a site-specific measure of the terrain complexity, and can describe with a high degree of confidence the effects of local topography and ruggedness on the accuracy of WAsP predictio ns [17] .
The two sites under scope in this work are characterized by different RIX values, meaning that they are located in areas with different terrain complexity. Fig. 1b shows the RIX spatial distribut ion in the area surrounding stations A and B, being that the site where is located station A has a RIX of 5.9% and station B site RIX is 8.2%, showing that station A is located in a less complex site than station B.
WRF mesoscale model
The mesoscale model selected to conduct the simulations is the WRF (Advanced Research-AR W) version 3.0.1, a widely used mesoscale model develope d by the National Centre for Atmospher ic Research (NCAR). It currently represents the state of the art in mesoscale modelling, and was originally released as a successo r to the long standing and well known Penn State/NCAR Fifth-Generation Mesoscal e Model (MM5), sharing much of the same dynamics and model physics. A detailed description of this model can be found on [18] .
The simulation domains are depicted in Fig. 2 . The parent domain (D1) has 90 km of spatial resolution, covering all of Iberian Peninsula. The first nested domain (D2), with a spatial resolution of 18 km, is centred in the Northern and Central Portugal. The second nested domain (D3), with a spatial resolution of 3.6 km, includes the location of the two sites here considered. The National Centres for Environmental Prediction (NCEP) Final Operational Global Analysis, with 1°of spatial resolution (both in latitude and longitude) and 6 h of temporal sampling were used as initial and boundary data.
The complete year of 2008 was simulated with the WRF model, and time series were extracted for the two sites where wind measureme nt campaigns were conducted. The site that coincides in location with the wind measuring station A is designated as site 1 and the site that coincides with the location of the wind measuring station B is called site 2. For each site, two wind speed and direction time series were computed: one at 60 m above ground level (a.g.l.), to match the height where the wind measurements took place, and another one taken above the annual average height of the PBL simulated by WRF for the year of 2008. All the virtual data sets have a sampling rate of 10 min, to coincide also with the sampling rate of the measure ments.
WAsP microscale model
The microscal e wind flow modelling was performed with the WAsP code, version 9.1. WAsP is still the state of the art software code for microscale modelling of wind resources and overall wind assessment, with a 20 year track record of use by industry [6] . WAsP is especially designed for wind resource mapping, wind farm micro-sitting and energy estimate purposes . WAsP requires, like any atmospheric simulation model, initial conditions that are supplied by observations or mesoscale simulatio ns performed at one or more sites. An important feature of the WAsP model is the ability of generalizing the measured observation at a local site into a regional wind climate -the wind atlas. This model ingests the supplied input data and builds a wind atlas, which consists in a regional wind regime without the effects of the local terrain. For that, the model first removes the topography and ruggedness effects of the supplied data and considers this ''free wind'' as representative of the entire WAsP simulation domain. This concept of wind atlas arises from the need to build a bridge between measured data in one site and the expected wind regime in a different , but nearby, site. Once a wind atlas is established, the local wind conditions at any site where the wind atlas is valid can be calculated. After the wind atlas computati on, the wind regime for any site inside its simulation domain will be computed doing the exactly opposite process. In other words, WAsP takes the wind atlas and re-inserts the terrain characteristics of the selected site to compute its wind characterist ics, assuming that the wind climate at any specific site inside the domain may be calculated using the regional climatology described by the wind atlas [19] . More detail of this software can be found on [20] .
Evaluatio n of the simulatio ns accuracy
The comparison between the simulated and measure d time series is presente d in terms of Weibull probabili ty density function (P.D.F.) parameters A (scale parameter), k (shape parameter), U m (mean speed) and U max (most probable wind speed), together with the Weibull P.D.F. curves, annual wind roses of occurrence and of available annual energy production (AEP).
The knowledge of the wind speed frequency distribution is a key factor in the wind energy assessment. If this distribution is known at a given site, then it can be described in terms of a Weibull P.D.F., from which the energetic potential and economic feasibility of this site can easily be obtained [4, 5] . This distribution is often used in wind energy engineering, as it conforms well to the observed long-term distribut ion of mean wind speeds for a range of sites. The Weibull distribution has been widely used to represent wind speed distribution s for wind energy applications, not only due to its greater flexibility and simplicity but also because it is able to provide a good fit to experimental data [21] [22] [23] [24] [25] [26] [27] [28] . Detailed description of the Weibull P.D.F. and the respective parameters can be found in [4, 5, 7, 29] .
The AEP yield estimates and wind roses were computed considering the installation of one wind turbine (from the manufactur er ENERCON, model E-82 with 2.0 MW of nominal power) in the same location of site 1 (2), which coincide with the location of the wind measuring station A (B). The power curve of this wind turbine is depicted in Fig. 3 .
Mesoscale-microscale coupling techniques
As previousl y mentioned, three different methodol ogies will be tested for the coupling between mesoscale and microscale models, which basically differ between themselves on the type of input data supplied to microscale model.
Virtual wind measuring stations
The first methodology consists in taking from the simulated wind data wind speed and direction time series, at the same points (horizontal and vertical) where the measureme nts were made, and use them as input to the microscal e model. This allows a direct comparis on between simulated and measure d wind, in terms of its characterist ics and resulting production estimates. Here, the mesoscale model acts like ''virtual wind measuring stations'', where wind speed and direction time series are computed for each one of the two sites considered. These wind speed and direction time series will be supplied to WAsP, which will build wind atlases for the sites locations. The computati on of the wind atlases consists in removing and re-inserting the terrain effects on the wind data. For this, a map that contains topography and ruggednes s information needs to be supplied to WAsP. This map consists of high resolution (3 00 , corresponding to approximately 90-100 m) information of topograp hy and ruggedness, making use of the Shuttle Radar Topography Mission (SRTM) data, which obtained elevation data on a near-global scale to generate the most complete high-resolution digital topographic database of the Earth [30] . Also supplied to WAsP is the Corine Land Cover 2000 (CLC 2000) project data, which consists of a vector map of the European environmental land-use derived from satellite images [31] , with a spatial resolution of 25 ha (approximately 500 Â 500 m). It should be noted that this methodology should not be considered as a real coupling between the models, due to the fact that in this procedure WAsP is simply fed with WRF wind output. This methodol ogy was performed mainly to compare the other two more refined coupling techniques with the traditional results obtained when WAsP is simply fed with WRF wind data, without any concern regarding other issues that are important when coupling mesoscale and microscale models (like topography data differences between the two models).
Wind atlas using WRF terrain data
The second methodol ogy is similar to the first one, but introduces an alternative way to build the wind atlas. The default terrain data supplied to the WRF mesoscale model does not have the same quality of the SRTM and CLC 2000, consisting of the GTO-PO30 (for terrain elevation) and the U.S. Geological Survey (USGS, for land-use information) data sets, made available by the USGS with a horizontal grid resolution of 30 00 of latitude/lon gitude (approximately 900-1000 m). In addition to the improved resolution, the CLC2000 data set also has more land use categories than the USGS one (44 instead of 24). Therefore, when WAsP removes the terrain effects from the wind data computed by WRF, it will consider its own high resolution terrain data and not the one used by the WRF model in the wind data computation. This is what was performed in Section 2.5.1. This discrepancy between types and characterist ics of terrain data can produce errors, because when WAsP is removing the terrain effects, it is taking into account different terrain data than the one that is, in reality, included in the wind data produced by WRF. In this methodol ogy, the WRF model terrain data was transformed into a map readable by WAsP and the wind atlases were built considering this terrain information . This way, the wind atlases obtained from the WRF model will be properly computed. After this process, WAsP will re-insert the terrain influences in the selected sites in order to compute the local wind characterist ics, but now using the high resolution terrain data. Using this methodology, WAsP will remove the WRF low resolution terrain effects from the simulated wind data, and then insert high resolution terrain informat ion leading to a finer scale topography and surface ruggedness features that can have a large impact on low-level wind fields.
Wind atlas using geostrophic wind
The third proposed approach aims to test the use of mesoscale simulated winds that are not influenced by the local terrain. It is widely accepted that one of the main limitations of mesoscale models is their oversimplified representat ion of the real terrain (topography, ruggedness, etc.), due to insufficient detail of the terrain data supplied to the model (as stated above, typically around 30 00 of resolution) and also due to the resolution typically used in the simulation domains (normally between 3 and 5 km), clearly not enough to realistically represent the real terrain features. Consequently , the wind simulated by the mesoscale model will have deviation s from the real wind due, in part, to this oversimp lified terrain representat ion. Microscale models offer a much more detailed terrain data (topography and ruggedness) but, since microscale models use the mesoscale output to downscale the local wind characterist ics, they will receive input wind data from the mesoscale model that took into account terrain data with poor resolution. In order to extract from the mesoscale model winds that are free (or the closest possible to being free) from the terrain influences, geostrop hic winds extracted from the WRF simulations will be used. By definition, the PBL is the lower part of the atmosphere whose behavior is directly influenced by its contact with the planetary surface, mainly due to effects of topograp hy and ruggedness. Above the PBL, the atmosphere is free of the planetary surface influence and the wind is called geostrophic . To this end, the annual mean PBL height was computed for the WRF simulated wind data, taking into account WRF's computation of the PBL height for every time step of its simulations . The annual mean PBL height was approximat ely 500 m, and the wind time series were extracted at this height. This geostrophic wind (as it is free from the terrain influences) is then used to build a wind atlas in WAsP. This resulting wind atlas computed by WAsP does not take into account any informat ion regarding topography and ruggedness, being that this informat ion is only used when WAsP downscales this wind atlas to the site locations .
Results and discussion
Virtual wind stations
Comparison between the observed and simulated wind
The annual wind speed and direction time series for site 1 (2) are taken from WRF and inserted in WAsP, as well as the wind measure ments from station A (B). The obtained results are presented in Table 1 and Figs. 4-6. In terms of the wind speed simulation, it is clear that using this methodol ogy the model significantly underestimate s the wind speed for both sites. The simulations foresee lower values for the annual mean and most probable wind speed than those measured by the respective wind measuring stations. The magnitude of the differences is similar in the results for the Weibull scale parameter A, but for the shape parameter k the model behavior is quite reasonable. Comparing both sites, it is clear that the model presents a worse overall performance in site 2. Fig. 4 clearly reflects the strong wind speed underest imation by the model in both sites. The simulated Weibull curves present a visible shifting to the left side of the wind speed axis, meaning that the model foresees higher frequencies of low wind speeds and, by consequence, lower frequencies of strong wind speeds than in reality. Also, it is visible that the model considers wind speeds around 5-6 m s À1 as the most frequent ones, while observations show that, in reality, the most frequent wind speeds are around 7-8 m s
À1
, which is in accordance with the most probable wind speeds values presented in Table 1 . Again, the discrepancy between simulated and observed Weibull functions is higher for site 2.
In terms of the wind direction simulatio n, Fig. 5 presents the annual occurrence wind roses using simulated and measured data for site 1 and Fig. 6 for site 2. In terms of occurrences on site 1, the observed and simulated occurrence wind roses are quite similar. The model is able to successfully determine the dominant sector, and to reasonably simulate the relative percentage of occurrences of the remaining sectors. In site 2 the results are somewhat worse, as the model considers the north-northwest sector as the most dominant while the observations show that it is the northwest sector that has the highest percentage of occurrences. The distribution of the occurrence frequencies of all sectors in this site appears to be rotated about 25 °clockwise. It is also visible in all the computed results that, while measurements show that the sites have a slightly different wind regime, the model considers both sites with similar wind circulation patterns.
Comparison of the observed and simulated production estimates
Th e re su lt in g va lu es in te rm s of AE P and AE P win d ro se s ar e pr ese nte d in Ta bl e 2 and Fi gs . 7 an d 8. Looki ng at Tab le 2, an d as exp ect ed, th e win d sp eed und er est im at io n by the WRF mo de l is st ro ngl y reflecte d in th e pr od uc ti on es ti ma te s. Us in g th e si mu la te d wi nd da ta as in pu t in WA sP , th e pr od uc ti on es ti ma te s are cl ear ly lo we r th an th os e tha t are ba se d in obs er ve d win d da ta . Ag ain , the mo de l pr es en ts po ore r pe rf or ma nce fo r si te 2, whi ch is exp ect ed du e to th e wor st si mul ati on of the win d sp eed di st ri bu tio n in thi s si te.
The influence of the wind speed underest imation on the AEP estimates is better explained when the Weibull curves (presented in Fig. 4 ) are analyzed together with the power curve of the wind turbine here considered. As can be seen in Fig. 3 , the cut-in speed (minimum wind speed at which the wind turbine will generate usable power) for this wind turbine is approximat ely 2 m s
À1
. As shown in Table 1 , the simulated average wind speeds for both sites are significantly lower, which will induce lower production estimates. Moreover, Fig. 4 shows that the simulatio ns foresee higher frequenc ies of wind speeds below 2 m s À1 than what was observed . AEP estimates are significantly underestimate d due to the prediction of higher frequenc ies of low wind speeds (part of them below the cut-in speed of the wind turbine that will originate null energy productions ) together with lower frequencies of strong winds (which would originate high energy productions). Fig. 7 shows the AEP wind roses for site 1 and Fig. 8 for site 2. The observed and simulated AEP wind roses for site 1 are quite similar, with the model able to successfu lly determine the dominant sector and the relative percentage of AEP of the remaining sectors. Again, for site 2 the results are somewhat worse, as the model considers the north-northwest sector as the most dominan t while the observations show that it is the northwest sector that has the highest percentage of AEP. The distribut ion of the occurrence frequencies of all sectors in this site appears to be rotated about 25 °clockwise.
In this methodology it becomes clear that the model main error source is the wind speed underestimati on, which is mainly due to the weak terrain representat ion by the mesoscale model. The mesoscale model represents the terrain in its simulation grid smoother and with a systemati c lower topograp hy than in reality and these two factors will produce a wind speed underest imation in its output. On the one hand, it is known that areas with lower altitude are, in general, characterized by lower wind speeds. In fact, the WRF model considers site 1 with 25% lower altitude than in reality, while site 2 is depicted in WRF simulation domain with less than 50% of its real altitude. Consequently, if the model sees the simulatio n point with lower altitude than in reality, the simulated wind speeds for the considered site will be lower than what was measure d. On the other hand, mountainous areas frequent ly give origin to wind speed-up effects. The wind flow suffers a compression on the windy side of the mountain as the flow moves to the mountain top, followed by an expansion when the air masses pass the mountain ridge and flow to the lee side of the mountain, due to its decompression . Ultimately, if the model represents the terrain as being smoother and the simulation point as being lower than in reality, these speed-up effects will be attenuated, originating an underest imation of the wind speeds.
The combination of these factors, which arise as a consequence of the distorted terrain representat ion by the mesoscale model, will induce lower simulated wind speeds. As an addition to these factors, the characteri stics of the real local topograp hy can also generate physical gradients (thermal, pressure) due to the presence or absence of close mountains that will also contribute to errors in the wind speed simulation by the mesoscale model, which is not able to represent these real topography characterist ics. Furthermore, results are clearly worse for site 2 showing that the surrounding terrain complexi ty plays an important role in the wind speed simulation. In this site, located in a more complex terrain than site 1 (as showed in Fig. 1b, with the RIX values for both sites), the limitatio ns of the mesoscale model are more exposed since the mesoscale model representat ion of the local topography is more distorted.
Wind atlas using WRF terrain data
Comparis on of the observed and simulated wind main characteristic s
The results in terms of the Weibull distribution parameters A, k, and U m and U max , Weibull P.D.F. curves and annual occurrence wind roses are presented in Table 1 and Figs. 4-6 .
The model performanc e is clearly improved when this coupling techniqu e is used. According to Table 1 , the wind speed is now slightly overestimat ed, with deviations of 7.3% for site 1 and 4.3% for site 2 in terms of mean wind speed, and of 4.7% for site 1 and 3.2% for site 2 in terms of most probable wind speed. The magnitude of the differenc es is similar for the Weibull scale paramete r A and the shape paramete r k, with the latter being underestimate d. Comparing both sites, now the models present a slightly better overall performance for site 2.
As for the Weibull P.D.F. curves of the observed and simulated wind for both sites depicted in Fig. 4 , results clearly show an improvem ent of the model performance when using this technique, with simulated Weibull curves much closer to the observed ones. An inverse behavior of the models is now visible, since the wind speeds are slightly overestimat ed for both sites. This is due to the higher frequenc ies of wind speeds above 2 m s À1 , together with the higher frequenc ies of strong wind speeds in the simulated wind when compare d to the measured one. This behavior is more visible for site 1, but the overall results are fairly good. In terms of wind direction simulation, Fig. 5 depicts the annual occurrence wind roses for site 1 and Fig. 6 for site 2 using simulated and measured data. The observed and simulated occurrence wind roses present a fairly good agreement between themselv es, for both sites. The model is able to successfully determine the dominan t sectors, and to reasonably simulate the relative percentage of occurrences of the remaining sectors. The highest deviations are seen in site 2, where the simulated dominan t sector presents a lower occurrence percentage than the observed one. Even so, the results for site 2 are substantially improved with this coupling techniqu e. 
Comparis on of the observed and simulated production estimates
The AEP estimates are presented in Table 2 . This methodology produces significantly lower deviations in the AEP estimates when compared to the first methodology . The production is now overestimated, as it was expected, due to the overestimat ion of the wind speed. The differences between AEP estimate s are reasonabl e for site 1, but the models present a fairly good performanc e for site 2. Fig. 7 shows the AEP wind roses for site 1 and Fig. 8 for site 2. Again, there are no major differences between the observed and simulated wind roses for both sites. The model is able to successfully determine the dominant sector and the relative percentage of AEP due to the remaining sectors.
Overall, results show that this coupling technique was able to provide far better results when compared to the previous methodology, since the differenc es between simulated and observed wind are dramatically lower. However, and oppositel y to what was seen for the previous procedure, in this approach the wind speed is overestimat ed and results show a better performanc e of the model for site 2, that is located in more complex terrain than site 1. This can be explained by the fact that the WRF terrain data extracted to WAsP describes site 1 with higher altitude than site 2, when in reality it is the opposite (site 2 has higher altitude than site 1). This can lead to the hypothesis that, when WAsP uses WRF's terrain data to build the wind atlases, it considers site 1 as being located in more complex terrain than site 2, leading to worse results in site 1. This is essentiall y due to issues of poor terrain representation in WRF, which may lead to different levels of terrain smoothing depending on where the mesh nodes lie. what was shown for the first methodol ogy), the Weibull shape parameter A, mean and most probable wind speed are underest imated and the shape parameter k is overestimated . Again, as it was seen for the first methodology (and in opposition to what was shown in the previous procedure), the higher errors are again seen for site 2.
The correspondent Weibull P.D.F. curves, presented in Fig. 4 , reflect what was concluded for the wind speed (mean and most probable ) and Weibull parameters. That is, these P.D.F. curves are similar to the ones regarding the first approach, with a clear shifting to the left of the curves that distorts the real wind speed distribution and will originate the underest imation of the wind speed. As for the annual occurrence wind roses for both sites using simulated and measured data (Figs. 5 and 6), the model is able to reasonably simulate the dominant sectors. Moreover, a standardizati on of the local wind regimes is clear, when they should be more distinct.
The AEP estimates are presente d in Table 2 . As a consequence of the results of this approach for the wind speed and Weibull parameters, this coupling technique clearly produces a strong underestimation of the AEP estimates. Again, the estimate s deviation are higher when compared to the previous methodology and lower relatively to the previous one. For site 1 an AEP underestimati on of 26.8% is obtained and for site 2 an underestimation of 24.6% is computed.
The AEP wind roses, depicted in Figs. 7 and 8, show that for site 1 they are fairly similar, but for site 2 higher discrepancie s are detected. Overall results of this approach show that this coupling technique was not able to improve the simulations accuracy, at least when it is compared to the previous one. Although an improvement was detected relatively to the first methodology , the use of a geostrophic approach to overcome terrain effects influence on the simulations is not enough to obtain reliable and realistic results.
Conclusions
This work was undertak en with the main objective of testing the performanc e of three mesoscale-microscale coupling techniques for the wind (speed and direction) and AEP simulatio n estimates, when compared to the same estimates based in measured wind data. For this purpose, the mesoscale model WRF and the microscale model WAsP were used. Simulations were performed in the exact same locations were wind measurement campaigns were conducted, allowing the comparison between simulated and observed wind data in terms of atmosph eric flow characteri stics and production estimates. The sites differ in terms of local terrain complexi ty in order to analyze the sensitivity of the methodologi es performance to these terrain characterist ics, which is seen as one of the main sources of error in the near surface winds simulation due to the mesoscale model low resolution terrain data.
The obtained results show that, if the mesoscale output is directly inserted in the microscale model (first approach), the local wind speed distribut ions are severely misrepresente d leading to a strong underestimati on of the wind speed and, consequentl y, of the estimated AEP. These deviations between simulated and measured data are most likely due to the mesoscale model misrepresentation of the local terrain characterist ics together with the discrepancie s between the terrain effects induced by the mesoscale model and the terrain effects removed by the microscale model when the wind atlases are computed by it. Moreover, this methodology proved that the local terrain complexity is an important factor in the near-surface wind simulatio n, since worse results were seen for the site located in more complex surrounding terrain.
The second approach, which is an attempt to correct the abovementioned terrain data discrepan cies between the mesoscale and microscale model, shows significant improvements in all the results leading to more reasonable values. This coupling technique proves the importance of, when introducing mesoscale-d erived wind data in the microscal e model, the mesoscale terrain data should be considered. By doing this, the distorted mesoscale-i nduced terrain effects are successfully removed and, after the subsequent inclusion of high resolution terrain effects, the simulations and AEP estimates become significantly closer to the observed wind data.
The third tested procedure arises as an attempt to completely disregard the mesoscale terrain data in the wind simulatio n, using geostrop hic winds in the wind atlases computation. The obtained results show significant improvement when compared to the first methodol ogy, but presented far worse performanc e in comparison to the second approach. Therefore, and taking into account the results presented in this study, it is advised to follow the second methodol ogy in order to obtain the most reliable and accurate wind simulatio ns.
Consideri ng these results, it is clear that the quality and accuracy of the models terrain representation (mainly on the mesoscale model, since the microscale model already has terrain data of good quality) is a key factor in near-surface wind simulation, together with the local surroundi ng terrain complexity. The microscale model WAsP is of linear type and the terrain complexi ty can induce this model to work outside of its envelope, and if its input data comes already with deviations this limitation of WAsP will be amplified. Both sites are located in a mountainou s area, and the local terrain complexity indicates that the applicati on of these (or others) methodologies must be handled with care, since they were obtained solely with numerica l simulation models and, therefore, have a considerabl e degree of uncertainty . Nevertheless, the second methodology presented here showed considerably good results, with a clear improvement of the models performanc e when compare d to the other approaches.
Although encouraging results were obtained, they indicate that the use of mesoscale-microscale models for wind resource assessment purposes cannot still be seen as a substitut e to locally acquired wind data for specific wind farm projects, since several sub-grid features are not well represented by the existing parameterization s and terrain data. Nevertheless, it is important to assert that mesoscale-microscale modelling results can be an important factor in initial studies, especiall y in sites where the terrain is somewhat smooth, or as a tool for preliminar y wind resource mapping and assessments .
